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(PSO)Abstract In this paper, in order to cope with both parametric and nonparametric uncertainties in
the robot model, an optimal Mamdani-type fuzzy logic controller is introduced for trajectory track-
ing of wheeled mobile robots (WMRs). The dynamic model of a nonholonomic mobile robot was
implemented in the Matlab/Simulink environment. The parameters of input and output member-
ship functions, and PID controller coefﬁcients are optimized simultaneously by random inertia
weight Particle Swarm Optimization (RNW-PSO). Simulation results show the system performance
is desirable.
ª 2013 Production and hosting by Elsevier B.V. on behalf of King Saud University. This is an open access
article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/3.0/).1. Introduction
The problem of motion control of wheeled mobile robots
(WMRs) has been widely investigated in recent years. A signif-
icant motion control problem is trajectory tracking which is
associated with the design of a controller to force a WMR to
track a trajectory. Different types of control algorithms for
trajectory tracking problem are proposed in the literatures
(Dixon and Dawson, 2000; Fukao et al., 2000; Masahiro
Oya, 2003; Wenjie Dong and Kuhnert, 2005).Lately, intelligent methods such as neural networks (NNs)
and fuzzy logic have been applied in controller designs to cope
with different uncertainty problems in the system (Tang et al.,
2006; Fierro and Lewis, 1998). In recent years, fuzzy logic con-
trol methods have been applied by many researchers to over-
come disturbances and dynamic uncertainties of mobile
robots. In Das and Kar (2006) a control method which enables
the integration of a kinematic controller and an adaptive fuzzy
controller for trajectory tracking is developed for nonholo-
nomic mobile robots. In Abdessemed et al. (2004) a genetic
algorithm to extracting the rules of a fuzzy controller intended
to control the end effector motion of a planar manipulator in
purpose to follow a prescribed trajectory is proposed. In Xian-
hua et al. (2005) a path tracking scheme for a mobile robot
based on fuzzy logic and predictive control is presented, where
the predictive control is used to predict the position and the
orientation of the robot, while the fuzzy control is used to deal
with the non linear characteristics of the system.
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control of wheeled mobile robots in order to perform missions
in uncertain conditions where robustness properties must be
intended in the control procedure (Chiu et al., 2005; Das and
Kar, 2006; Khooban et al., 2012, 2013; Khooban and Soltan-
pour, 2013; Khooban et al., 0000). The signiﬁcant drawback of
fuzzy controllers is the lack of any systematic methods to de-
ﬁne fuzzy rules and fuzzy membership functions. Most fuzzy
rules are based on personal information and differ for different
persons despite the same system performance. On the other
hand, it is difﬁcult to expect that any given expert’s knowledge
gathered in the form of the fuzzy controller leads to an optimal
solution. Consequently, some effective approaches for tuning
the membership function and control rules without a trial
and error method are signiﬁcantly required.
Recently, PSO algorithm has become available and promis-
ing techniques have been developed for real world optimiza-
tion problems (Bergh and Engelbrecht, 2006). Compared to
GA, PSO needs less time for each functional evaluation as it
does not use many of the GA operators like mutation, cross-
over and selection operator (Kennedy and Eberhart, 1999).
Due to its simple concept, easy implementation and fast con-
vergence, nowadays PSO has gained much attention and wide
applications in different ﬁelds.
Motivated by the aforementioned researches, the goal of
this paper is to design an optimal Mamdani-type fuzzy con-
troller for wheeled mobile robots (WMRs) to track a mobile
object. To achieve this objective, the random inertia weight
Particle Swarm Optimization (RNW-PSO), which is an im-
proved algorithm of PSO, is employed to choose the best
parameters i.e.amount of the input and output membership
functions and also the closed-loop weighting factors.
2. Dynamic model of WMR
The conﬁguration of nonholonomic WMR is shown in Fig. 1.
Using the Euler–Lagrange formulation, the dynamic model of
WMRs can be explained by Fierro and Lewis (1995), Fukao
et al. (2000):
MðqÞ€qþ Cðq; _qÞ _qþ Fð _qÞ þ GðqÞ þ sd ¼ BðqÞs ATðqÞk ð1ÞFigure 1 Conﬁguration of nonholonomic WMR.where MðqÞ 2 Rnn is the symmetric and positive deﬁnite iner-
tia matrix, Cðq; _qÞ 2 Rnn is the centripetal matrix,
Fð _qÞ 2 Rn1 is the vector of surface friction, GðqÞ 2 Rnr is
the gravitational vector, sd indicates the limited unknown dis-
turbances including unstructured dynamics, BðqÞ 2 Rnr is the
input transformation matrix, s 2 Rr1 is the input vector,
AðqÞ 2 Rmn is the matrix related to the restrictions, and
k 2 Rn1 is the vector of restriction forces. Surface friction is
intended as:
fð _qÞ ¼ Fv _qi þ Fdsgnð _qiÞ ð2Þ
where Fv and Fd are the coefﬁcients of the viscous and dynamic
frictions, respectively. The dynamics of the DC servomotors,
which drive the wheels of the robot, is stated as follows
ss ¼ KTia
Lia þ Riaþ Ke þ _Ue ¼ u
ð3Þ
where se e R
n is the vector of torque produced by the motor,
KT e R
m·n is the positive deﬁnite constant diagonal matrix of
the motor torque constant, ia e R
n is the vector of armature
currents; L, R, and Ke are the diagonal matrix of armature
inductance, armature resistance and back electromotive force
constant of the motors, respectively; and Ue is the angular
velocity of the actuator motors. The motor torque ss and the
wheel torque s are associated with the gear ratio N as
s ¼ Nss ð4Þ
where N is a positive deﬁnite and constant diagonal matrix.
The angular velocities of the actuators _Ue is associated with
the wheel angular velocities vw as
Vw ¼ N1 _Ue ð5Þ
without considering the armature inductance and due to the
Eqs. (4) and (5), Eq. (3) can be written as follows
s ¼ K1u K2vw ð6Þ
where K1 = (NKT/Ra) and K2 = NKeK1. The relationship be-
tween the wheel angular velocities vw and the velocity vector
v is
vm ¼
wr
wl
 
¼
1
r
b
r
1
r
b
r
 !
ð7Þ
Substituting Eqs. (6) and (7) in Eq. (1), the equation of WMR,
which includes actuator dynamics, can be achieved as follows
MðqÞ€qþ Cðq; _qÞ _qþ Fð _qÞ þ GðqÞ þ sd
¼ BðqÞ K1u K2
X
v
 
 ATðqÞk ð8Þ
The kinematic model of WMR can be written as follows
_q ¼ SðqÞv ð9Þ
By taking time derivative of the kinematic model (8), the robot
dynamics (8) can be converted as follows
M _vþ Cvþ Fþ sd ¼ K1Bu ð10Þ
where
M ¼ STMS;C ¼ STM _Sþ STCSþ K2BR ð11Þ
and B = STB, F = STF, sd = S
Tsd
B ¼ STB;F; sd ¼ STsd
Figure 2 General scheme of the proposed controller.
Figure 3 Components of a fuzzy logic controller.
Table 1 Fuzzy if-then rules.
ev=ew _ev= _ew
N Z P
N NL NS Z
Z NS Z PS
P Z PS PL
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considered as the control inputs.
3. Particle Swarm Optimization
The PSO algorithm is a partly new population-based heuristic
optimization method which is based on a metaphor of social
interaction, speciﬁcally bird ﬂocking. The main beneﬁts of
PSO are: (1) The cost function’s gradient is not needed, (2)
PSO is more compatible and robust compared with other clas-
sical optimization techniques (RC, 2001), (3) PSO guarantees
the convergence to the optimum solution (Bergh and Engelbr-
echt, 2006), and (4) In comparison with GA, PSO lasts smaller
time for each function evaluation as it does not apply many of
GA operators such as mutation, crossover and selection oper-
ator (Kennedy and Eberhart, 1999).
In PSO, any nominee solution is named ‘‘Particle’’. Each
particle in the swarm demonstrates a nominee solution to the
optimization problem, and if the solution is composed of a ser-
ies of variables, the particle can be a vector of variables. In
PSO, each particle is ﬂown through the multidimensional
search space, regulating its position in search space based on
their momentum and both personal and global histories. Then
the particle uses the best position faced by itself and that of its
neighbor to position itself toward an optimal solution. The
appropria xi(t) teness of each particle can be assessed based
on the cost function of optimization problem. At each repeti-
tion, the speed of every particle will be computed as follows:
Viðtþ 1Þ ¼ xviðtÞ þ c1r1ðPid  xiðtÞÞ þ c2r2ðPgd  xiðtÞÞ ð12Þ
where xiðtÞ is the present position of the particle, pid is one of
the ﬁnest solutions this particle has achieved and pgd is one of
the ﬁnest solutions all the particles have achieved. After com-
puting the speed, the new position of each particle will be com-
puted as followsxiðtþ 1Þ ¼ xiðtÞ þ viðtþ 1Þ ð13Þ
The PSO algorithm is replicated using Eqs. (12) and (13) which
are updated at each repetition, up to a pre-deﬁned number of
generations achieved.
3.1. Random inertia weight PSO
Although Standard PSO (SPSO) includes some signiﬁcant
improvements by providing a high rate of convergence in par-
ticular problems, it does demonstrate some deﬁciencies. It is
shown that SPSO has a weak capability to look for a ﬁne par-
ticle due to the lack of speed control mechanism. Most of the
Table 2 The parameters of input Gaussian membership functions.
Input variables Membership functions First controller mean (v) Second controller mean (w)
Negative (E–N) 0.0232 0.0171
Error (ev/ew) Zero (E–Z) 0.0378 0.0027
Positive (E–P) 0.0049 0.0021
Negative (CRE-N) 0.0178 0.0227
Change rate of error ( _ev= _ew) Zero (CRE-Z) 0.0321 0.0139
Positive (CRE-P) 0.0231 0.0181
Table 3 The parameters of output Gaussian membership functions.
Output variables Membership functions First controller mean (uar) Second controller mean (ual)
Negative large (NL) 0.0179 0.0019
Negative small (NS) 0.0049 0.0023
Control input (uar/ual) Zero (Z) 0.0261 6.6669 · 104.
Positive small (PS) 0.0091 0.0082
Positive large (PL) 0.0431 0.0419
Figure 4 Obtained membership functions of ﬁrst controller.
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Figure 5 Obtained membership functions of second controller.
Table 4 Optimal parameters of PID controllers.
First
controller
Parameter’s
value
Second
controller
Parameter’s
value
ke1 0.0189 ke2 0.0132
kd1 0.0023 kd2 0.0017
k01 0.0251 k02 0.0767
k11 0.0379 k12 0.0243
Table 5 Kinematic and dynamic parameters of WMR.
ParameterDescription Value
r Driving wheels radius 0.1 m
2b Distance between two wheels 0.6 m
d Distance of point PC from point PO 0.05 m
L Distance of point PO from point PL 0.15 m
mc The mass of the platform without the
driving wheels and the rotors
of the DC motors
10 kg
mw The mass of each driving wheel
plus the rotor of its motor
0.2 kg
Ic The moment of inertia of the platform
without the driving wheels and the rotors
of the motors about a vertical axis
through PC
3 kgm2
Im The moment of inertia of each wheel
and the motor rotor about a wheel diameter
0.006 kgm2
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changeable inertia weight. The inertia weight is essential for
the efﬁciency of PSO, which equilibrates global exploration
and local exploitation capabilities of the swarm. A large inertia
weight simpliﬁes exploration, but it prolongs the convergence
of the particle. Unlike, a small inertia weight that leads to ra-
pid convergence, but it sometimes results in a local optimum.
Therefore different inertia weight conformity algorithms have
been recommended in the literatures (Modares et al., 2010). In
2003 Zhang (Zhang et al., 2003) studied the effect of random
inertia weight in PSO (RNW-PSO), reporting empirical results
that show its superior efﬁciency to LDW-PSO (Shi and Eber-
hart, 1998). Eberhart and Shi (RC, 2001) have recommended arandom inertia weight factor for tracking dynamic systems.
The new version of PSO namely RNW-PSO can be obtained
by changing Eq. (12) as below:
Figure 6 Desired and actual trajectories for WMR.
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where ro is a uniformly distributed random number inside the
interval (0, 1), and other parameters are the same as before.
The RNW can overcome two bugs of LDW. First, decreasing
the afﬁliation of inertial weight on the maximum repetition
that is hardly predicted before tests. Second, abstaining from
the lack of local search capability in the beginning of the run
and global search capability at the end of the run.
Generally, heuristic algorithms like PSO only require to
check the cost function for guidance of its search and no longerFigure 7 Desired and actual angularequire information about the system. So, in this paper, the
Sum of Squared Errors (SSE) is considered as follows:
SSE ¼
XN
k¼1
yvðkÞ  ydvðkÞ½ 2 þ
XN
k¼1
ywðkÞ  ydwðkÞ½ 2
¼
XN
k¼1e
2
vðkÞ þ
XN
k¼1
e2wðkÞ ð15Þ
where ev and ew are the tracking errors, N is the number of gi-
ven sampling steps, yv(k) and yw(k) are the system outputs, also
ydv(k) and ydw(k) are reference input signals. The dimension of
the problem is 32, size of the swarm, and the maximum num-
ber of iterations are 10 and 10, respectively.
4. The proposed method
The block diagram of optimal fuzzy PID controller (OFPIDC)
for trajectory tracking of WMRs is shown in Fig. 2. The con-
trollers are structured with a Mamdani-type fuzzy architecture.
Two controllers were used for each of the two wheels sepa-
rately. Each controller has two inputs and one output that
are logically connected by nine rules.
A two-dimensional conﬁguration for PID type of fuzzy lo-
gic control (FLC) is proposed in Eberhart and Shi, (2001) and
the improved robustness of the new fuzzy-PID controller is
shown by both analytical and numerical studies. Therefore,
we have used the proposed structure in RC (2001) for design-
ing of (OFPIDC). The inputs and output of ﬁrst fuzzy control-
ler are linear velocity error (ev) and change rate of linearr and linear velocities of WMR.
Figure 8 Desired and actual positions of WMR.
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wheel actuator (uar). Also, the inputs and output of the second
fuzzy controller are angular velocity error (ew) and change rate
of angular velocity error _ev and its output is the voltage of the
left wheel actuator (ual).
The key components of the fuzzy logic controller are the
fuzziﬁer, the inference engine, the rule base, and the defuzziﬁer,
as shown in Fig. 3. The fuzziﬁer transforms the numeric into
fuzzy sets, so that, this operation is called fuzziﬁcation. The
inference engine is the main component of the fuzzy logic con-
troller, which performs all logic manipulations in a fuzzy con-
troller. The rule base consists of membership functions and
control rules. Finally, the results of the inference process which
is an output represented by a fuzzy set, is transformed into a
numeric value by using the defuzziﬁer, this operation is called
defuzziﬁcation. The membership functions of each fuzzy con-
troller consist of three and ﬁve memberships functions for
the inputs linguistic variables (ev/ew) and ( _ev= _ew), and the out-
put linguistic variable (uar/ual), respectively.
Gaussian membership functions are used for input and out-
put membership functions. The general shape of Gaussian
membership functions are as follows:lðzÞ ¼ exp ðz cÞ
2
2r
 !
ð16Þ
where the parameter c is the mean and the parameter r is the
variance of each membership function, the parameter z is the
crisp input amount to be fuzziﬁed and l(z) is its membership
function grade with numerical value in the interval (0 1). By
the deﬁnition of input and output fuzzy sets, a total of 9 IF-
THEN rules are deﬁned. These rules are listed in Table 1.
In designing the fuzzy controller, by using the sub-min
compositional rule of inference, AND fuzziﬁer, and center of
gravity defuzziﬁer, the crisp output can be deﬁned as
Z ¼
R
lCðzÞ:zdzR
lCðzÞdz
ð17Þ
where  indicates an algebraic integration.
In the use of Gaussian membership functions we will be
faced with three different cases. (1) Gaussian membership
functions with the same means and variances, (2) Gaussian
membership functions with the same means and variable vari-
ances, and (3) Gaussian membership functions with variable
means and the same variances. In (Khooban et al., 2012) an
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differential model of glucose-insulin regulation system, and it
is shown that Gaussian membership functions with variable
means and the same variances have better performance in con-
trolling this system, therefore we applied this idea in the design
process. The variances for the ﬁrst and second fuzzy control-
lers are 0.0341 and 0.0257 respectively. The speciﬁcations of
the input and output variables are given in Tables 2 and 3,
respectively.
In the fuzzy inference engine, if the antecedent part is per-
formed by MIN operator, the output fuzzy set related to the
every fuzzy rule Ri will be cut at ai. The overall inference
lc(uar/ual) can be achieved as follows (Kwang, 2005):
lcðuar=ualÞ ¼ lc1Ulc2 . . . lc9 ð18Þ
where lci is the inference result derived from rule i. In this pa-
per, the aggregation part is done by the SUM operator.
Finally, the ai parameter which is called the matching level
of every fuzzy rule is computed. For instance, the matching le-
vel of rule 1 can be achieved by the following Eq. (19):
a1 ¼ lNðev=ewÞ \ lNð _ev= _ewÞ ð19Þ
where, a1 is the matching level of R1 and lN (eV/ew) and lN
ð _ev= _ewÞ are the membership function grades of the crisp inputs
(eV/ew) and ð _ev= _ewÞ, respectively. The symbol \ represents
AND operator which is considered to product operator.
Obtained membership functions of the ﬁrst and second con-
trollers are shown in Figs. 4 and 5 respectively. It can be ob-
served from these Figures that the RNW-PSO has improved
the logical sequence of membership functions. For instance,
about input 1 of the ﬁrst controller, the membership function
E-P comes before E–Z. Also the optimal parameters of the
PID controller are given in Table 4.
5. Simulation and results
The kinematic and dynamic parameters of WMR and their as-
signed values are listed in Table 5. It is supposed that the value
of parameters, such as mass of platform (mc), the moment of
inertia of the platform (Ic), the wheel radius (r), the distance
between two wheels (2b) are uncertain.
The kinematic and dynamic matrices in Eq. (11) are stated
as follows (Shi and Eberhart, 1998):
C ¼
2K2
r2
mcd _h
mcd _h 2bK2r2
" #
SðqÞ ¼
cos h 0
sin h 0
0 1
0
B@
1
CA
M ¼ m 0
0 I
 
ð20Þ
Where m ¼ mc þ 2mw and I ¼ Ic þ 2Im þmcd2 þ 2mwb2
The motor voltage is limited to (12, 12) V. Also the sample
rate is considered to be 0.01 s. For tracking control a desired
trajectory is selected as follows (Sinaeefar and Farrokhi, 2011):
XrðtÞ ¼ 10þ 7:5 cosðwrtÞ
YrðtÞ ¼ 25þ 7:5 sinðvrtÞ
ð21Þwhere wr(t) = 0.2 and vr(t) = 1.5. The primary position of
WMR is chosen as q0(t) = [19 25 pi/2]
T. Simulation results
of OFPIDC are shown in Figs. 6–8. As can be observed from
these ﬁgures, the WMR can track the desired trajectory with
proper precision in position as well as in angular and linear
velocities.
6. Conclusion
In this paper an optimal fuzzy PID controller (OFPIDC) is de-
signed for trajectory tracking of both velocity and position of
the WMR. The parameters of input and output membership
functions, and PID controller coefﬁcients are optimized simul-
taneously by random inertia weight Particle Swarm Optimiza-
tion (RNW-PSO). The recommended controller can resolve
the integrated kinematic and dynamic tracking difﬁculty in
the presence of both parametric and nonparametric uncertain-
ties. Simulation results on WMR show the superiority of the
OFPIDC than the adaptive fuzzy predictive controller pre-
sented in Sinaeefar and Farrokhi (2011).
References
Abdessemed, F., Benmahammed, K.H., Monacelli, E., 2004. A fuzzy-
based reactive controller for a non-holonomic mobile robot.
Robotics Autonomous Syst. 47, 31–46.
Bergh, F.V., Engelbrecht, A.P., 2006. A study of particle swarm
optimization particle trajectories. Inf. Sci. 176, 937–971.
Chiu, CS., Lian, KW., Liu, P., 2005. Fuzzy gain scheduling for paralell
parking a car-like robot. IEEE Trans. Control Syst. Technol. (13),
1084–1092.
Das, T., Kar, I.N., 2006. Design and implementation of an adaptive
fuzzy logic- based controller for wheeled mobile robots. IEEE
Trans. Control Syst. Technol. (14), 501–510.
Das, T., Kar, I.N., 2006. Design and implementation of an adaptive
fuzzy logic-based controller for wheeled mobile robots. IEEE
Trans. Control Syst. Technol. 14 (3), 501–510.
Dixon, W.E., Dawson, D.M., 2000. Tracking and regulation control of
a mobile robot system with kinematic disturbances: a variable
structure like approach. Trans ASME. J. Dyn. Syst. Meas. Control
122, 616–623.
Eberhart RC, Shi Y. Tracking and optimizing dynamic systems with
particle swarms, in Proc. IEEE Congr. Evolutionary Computation
Seoul, Korea, 2001, pp. 94–97.
R. Fierro and F. L. Lewis, ‘‘Control of a nonholonomic mobile robot:
Backstepping kinematics into dynamics’’, Proceedings of IEEE
International Conference on Decision and Control, vol. 4, pp.
3805–3810, LA, 1995.
Fierro, R., Lewis, F.L., 1998. Control of a nonholonomic mobile robot
using neural networks. IEEE Trans. Neural Networks 9 (4), 589–
600.
Fukao, T., Nakagawa, H., Adachi, N., 2000. Adaptive tracking
control of a nonholonomic mobile robot. IEEE Trans. Robotics
Autom 16 (5), 609–615.
Fukao, T., Nakagawa, H., Adachi, N., 2000. Trajectory tracking
control of a nonholonomic mobile robot. IEEE Trans. Robotics
Autom. 16 (5), 609–615.
Kennedy, J., Eberhart, R.C., 1999. The particle swarm: social
adaptation in informal- processing systems: New ideas in optimi-
zation. McGraw-Hill, UK, Maidenhead.
Khooban, M.H., Soltanpour, M.R., 2013. Swarm optimization tuned
fuzzy sliding mode control design for a class of nonlinear systems in
presence of uncertainties. J. Intell. Fuzzy Syst. 24 (2), 383–394,
10.3233/IFS- 2012-0569.
100 D. Nazari Maryam Abadi, M.H. KhoobanM.H. Khooban, A. Alﬁ, D. Nazari Maryam Abadi, Teaching–
learning-based optimal interval type-2 fuzzy PID controller design:
a nonholonomic wheeled mobile robots, Robotica, available on
CJO2013, doi: 10.1017/S0263574713000283.
Khooban, M.H., Soltanpour, M.R., Nazari, D., Esfahani, Z., 2012.
Optimal Intelligent Control for HVAC Systems. J. Power Technol.
92 (3), 192–200.
Khooban, M.H., Nazari Maryam Abadi, D., Alﬁ, A., 2012. Swarm
optimization tuned Mamdani fuzzy controller for diabetes delayed
model. Accepted for Publication in Turkish Journal of Electrical
Engineering & Computer Sciences.
Khooban, M.H., Alﬁ, A., et al, 2013. Control of a class of non-linear
uncertain chaotic systems via an optimal Type-2 fuzzy proportional
integral derivative controller. IET Science Measurement &amp.
Technology 7, 50–58.
Kwang, H.L., 2005. First course on fuzzy theory and applications.
Springer-Verlag, Berlin Heidelberg.
Masahiro Oya, C.-YS., 2003. Robust adaptive motion/force tracking
control of uncertain nonholonomic mechanical systems. IEEE
Trans. Robotics Autom. 19 (1), 175–181.
Modares, H., Alﬁ, A., Naghibi Sistani, M.B., 2010. Parameter
estimation of bilinear systems based on an adaptive Particle Swarm
Optimization. Eng. Appl. Artif. Intell. 23, 1105–1111.Shi, Y., Eberhart, R., A Modiﬁed Particle Swarm Optimizer, in Proc.
of the IEEE Conf. On Evolutionary Computation, Singapore,
1998, pp. 69–73.
Sinaeefar, Z., Farrokhi, M., 2011. Adaptive Fuzzy Predictive Hybrid
Position/Velocity Control of Nonholonomic Wheeled Mobile
Robots 11th Iranian Conference on Fuzzy Systems.
Tang, H.H., Mailah, M., Kasim, M., Jalil, A., 2006. Robust intelligent
active force control of nonholonomic wheeled mobile robot. Jurnal.
Teknologi Universiti Teknologi Malaysia 44 (D), 49–64.
Dong, Wenjie, Kuhnert, K.-D., 2005. Robust adaptive control of
nonholonomic mobile robot with parameter and nonparameter
uncertainties. IEEE Tans. Robotics 21 (2), 261–266.
J. Xianhua, M. Yuichi, Z. Xingquan, ‘‘Predictive fuzzy control for a
mobile robot with nonholonomic constraints,’’ Proceedings of
IEEE International Conference on Advanced Robotics Seatle WA,
2005 pp. 58-63.
Zhang, L., Yu, H., Hu, S., A New Approach to Improve Particle
Swarm Optimization, Proc. of the international conf. on Genetic
and, evolutionary computation, 2003, 134–139.
